Abstract 22 A benchmarking exercise involving 24 laboratories was organized for measuring and 23 modeling the permeability of a single low permeability material, the Grimsel granodiorite. To 24 complement the data set of permeability measurements presented in a companion paper, we 25 focus here on (i) quantitative analysis of microstructures and pore size distribution, (ii) 26 permeability modeling and (iii) complementary measurements of permeability anisotropy and 27 poroelastic parameters. BIB-SEM, micro-CT, MICP and NMR methods were used to 28 characterize the microstructures and provided the input parameters for permeability 29 modeling. Several models were used: (i) basic statistical models, (ii) 3D pore network and 30 effective medium models, (iii) percolation model using MICP data and (iv) free-fluid model 31 using NMR data. The models were generally successful in predicting the actual range of 32 measured permeability. Statistical models overestimate the permeability because they do not 33 adequately account for the heterogeneity of the crack network. Pore network and effective 34 medium models provide additional constraints on crack parameters such as aspect ratio, 35 aperture, density and connectivity. MICP and advanced microscopy techniques are very 36 useful tools providing important input data for permeability estimation. Permeability 37 measured ~orthogonal to foliation is lower that ~parallel to foliation. Combining the 38 experimental and modeling results provides a unique and rich data set. 39 40 1. Introduction 41 Following a workshop on «The challenge of studying low permeability materials» 42 that was held at Cergy-Pontoise University in December 2014, a benchmark exercise in 43 which several laboratories estimate the permeability of a single material was proposed to the 44 attendees. The selected material was the Grimsel granodiorite (Switzerland) and the 45 benchmark was named the "KG²B" project, from "K for Grimsel Granodiorite Benchmark" 46 (David et al., 2017). Multiple objectives were defined: (i) to compare the results for a given 47 method, (ii) to compare the results between different methods, (iii) to analyze the accuracy of 48 each method, (iv) to study the influence of experimental conditions (especially the nature of 49 pore fluid), (v) to discuss the relevance of indirect methods and models, and finally (vi) to 50 suggest good practice for low permeability measurements. The permeability measurements 51 are presented in the companion paper. Here we will focus on item (v) and present the results 52 of microstructure analyses and permeability modeling. 53 Fluid flow processes in rocks are controlled by the geometrical properties of pore 54 and/or cracks and the topology of the pore/crack network. Linking permeability to 55 microstructural properties has always been a challenge in rock physics. A first step is to 56 acquire high quality data that allow thorough characterization of the pore space, preferably in 57 3D. As we are dealing with a crystalline rock, the focus is on cracks rather than pores. Cracks 58 in rocks can be approximated as planar features with small width or aperture, randomly 59 oriented or not in a 3D medium. Due to their limited resolution, optical microscopy 60 techniques are not well-suited for the study of cracks. SEM studies have been commonly 61 used to analyze cracks on thin-sections at high magnification. Ion beam milling is 62 recommended to avoid biased interpretation of the microcrack morphology and statistics 63 (Wong, 1982) . Crack statistics provided by SEM studies can be from 2D analyses, from 64 which 3D parameters (like crack surface per unit volume) can be inferred using stereology 65 (Fredrich & Wong, 1986) . Recent advances in ion polishing now allow improved images of 66 pore structures and crack networks to be obtained using BIB-SEM (Klaver et al., 2015), or 67 even 3D structures from FIB-SEM image stacks (Holzer et al., 2004) . Wood's metal injection 68 into the pore space greatly enhance pore and crack detection and analysis on SEM images 69 (Hu et al., 2012; Klaver et al., 2015) . High resolution micro-CT techniques have become 70 widely used to investigate the three-dimensional distribution of minerals and pores (Baker et 71 al., 2012; Godel, 2013). With improvement of technology and analytical tools, sub-micron 72 resolution can now be achieved with micro-CT imaging methods, but sometimes even this is 73 insufficient to identify tiny cracks in crystalline rocks. One major advantage of micro-CT is 74 that the technique is non-destructive and can be applied on centimeter scale plugs. Pore or 75 crack size distributions can be obtained by image analysis on SEM images (2D analysis) or 76 micro-CT reconstructed volumes (3D analysis), and also by conducting mercury injection 77 capillary pressure (MICP) tests on small plugs. MICP is commonly used in petrophysical 78 studies to obtain the throat size distribution and capillary breakthrough pressure by injecting 79 mercury under increasing pressure (Hu et al., 2015) . The throat size distribution given by 80 MICP does not actually match the pore size distribution of the rock because of constrictions 81 and ink-bottle effects in the pore space (Abell et al., 1999) but provides a first-order 82 approximation that can be used in models. Other methods that provide insight into the pore 83 size distribution include the gas adsorption (or BET) method (Schull, 1948) and NMR 84 techniques (Josh et al., 2012) . 85 Permeability models using microstructural data as input parameters have evolved 86 since the pioneering work of Kozeny in the 1920s (Kozeny, 1927) . A main challenge of all 87 permeability models is to identify the characteristic length scale controlling permeability. 88 This general statement rises from the permeability having the unit of squared length, but 89 other factors like pore size variability and connectivity are also very important. Many 90 different approaches have been proposed (Guéguen & Palciauskas, 1994) . Originally based 91 on the Kozeny-Carman equation (Kozeny, 1927) , the equivalent channel model states that the 92 characteristic length scale is the hydraulic radius, defined as the ratio between the pore 93 volume and the pore surface area (Paterson, 1983; Walsh & Brace, 1984) . In the equivalent 94 channel model, permeability depends on bulk properties related to the pore space (volume to 95 surface ratio, porosity, tortuosity -an ill-defined parameter related to the increased path 96 length in a "tortuous" pore space) that, with the exception of tortuosity, are measurable at the 97 sample scale. Statistical and effective medium models take advantage of the statistics of pore 98 or crack geometries. For example, Gueguen & Dienes (1989) proposed a statistical model for 99 crystalline rocks in which permeability depends on the mean crack aperture and radius, with 100 cracks modeled as penny-shaped objects, on the average distance between cracks and on the 101 fraction of connected cracks (which can be estimated from percolation theory). Only . Pore network modeling also allows the bond occupancy probability to be varied, 119 so that networks with different average coordination number (or connectivity) can be 120 considered for permeability estimation (David, 1993) . Several of the permeability models 121 mentioned above were tested by Casteleyn et al. (2011) on series of oolitic limestones from 122 the Paris basin. Since the pore size distribution of these rocks was not very heterogeneous, 123 hence statistical and network models were successful in matching the measured permeability, 124 while the percolation model underestimated the permeability by about one order of 125 magnitude. 126 One of the objectives of the KG²B benchmark was to conduct permeability modeling. 127 Several models were selected by the participants. To achieve successful modeling, as 128 discussed above, information is required about the rock microstructure (such as porosity, 129 pore/crack aperture and length distribution, and connectivity). We will present the results of a In total 30 laboratories from 8 different countries volunteered to participate in KG²B, 136 and we received results from 24 laboratories that form the "KG²B Team". The complete list 137 of participants who sent results is given in Appendix A. A dedicated website https:/labo.u-138 cergy.fr/~kggb/ was created with information on the benchmark, including a web page where 139 the progress of the project could be followed on the "KG²B-wheel", which was updated as 140 soon as results were received from any of the participants. It took one year to collect all of the 141 results. In total we collected 45 permeability values, including 39 measured values and 6 142 results from modeling, on which this paper will focus. Statistical, network, percolation and 143 effective medium models were used. We add a seventh modeling result in which a rock 144 sample is treated as an RC (Resistance + Capacitor) low pass filter during pore pressure 145 oscillation tests. 146 The Grimsel granodiorite was obtained from the Swiss Grimsel test site, a 450 meter 147 deep Underground Research Laboratory (URL). The 950 meter long and 3.5 meter diameter 148 tunnels were excavated in 1983 by a full face Tunnel Boring Machine (TBM) in hard rocks, 149 mainly granite and granodiorite, at an altitude of 1730 m in the Central Aar Massif in 150 Switzerland. The TBM excavation method limited perturbation of the host rock, with a quite 151 small Excavation Damage Zone (EDZ) around the tunnel (Egger, 1989) . Along the tunnel, 152 major damage zones are located in meter scale shear zones or widely spaced discontinuities 153 caused by regional deformation. Two cores of Grimsel granodiorite, each about one meter 154 long and of diameter 85 mm, were provided by our Swiss colleagues in September 2015. 155 These cores were retrieved at a distance of 4 to 6 meters from the tunnel of the Grimsel test 156 site, far away from the EDZ influence. The cores were cut into small blocks at lengths porosity in the granitic matrix. Stress release due to drilling and sample preparation outside 163 the URL seems to be responsible for larger micro-crack apertures than those observed 164 directly in situ (Schild et al., 2001) . As some laboratories provided permeability 165 measurements in directions other than that required of the participants (i.e. the core axis 166 direction), we will also discuss the permeability anisotropy. 167 The detailed analysis of the permeability measurements is given in the companion 168 paper. Let us recall the most important results. For the whole data set of 39 measurements, 169 the average permeability was 1.47 10 -18 m²; however 4 outliners were identified and removed, 170 leading to an average permeability of 1.11 10 -18 m² and a standard deviation of 0.57 10 -18 m². 171 A striking result was the large difference between measurements using gas or liquid as the 172 pore fluids: the permeability to gas was about twice as large as the permeability to liquid 173 (k gas =1.28 10 -18 m², k liquid =0.65 10 -18 m²). The model predictions presented in this paper will 174 be compared to those values. 175 We will use the same convention as in the companion paper for presenting the data (2) to the core axis, for BIB-SEM and WM (3), and plug for permeability measurements for Lab#23 (4). 199
From the same core sample, one subsample was prepared by BIB polishing to investigate the The pore size distributions (PSDs) of the imaged thin-sections show a clear increase in pore 239 frequency with decreasing equivalent diameter to about 6 µm ( Figure 4A ). The PSDs of the 240 BIB-SEM maps show a clear peak at 200 -300 nanometer equivalent diameter and another 241 apparent increase below 100 nanometers. These smaller segmentations are below 18 pixels in 242 size. They are interpreted as noise and hence excluded from the analyses in Figure 4B , which 243 shows normalized frequencies (number of pores divided by the imaged area and bin width). 244 Taking into account both pores and interpreted cracks, only maps B and C show comparable 245 best fits. The fact that the normalized PSDs do not show uniform best fits indicates that pore 246 space may have been underestimated due to the large grain sizes and other heterogeneities. 247 Considering only the interpreted cracks in red ( Figure normalized over the imaged area for all segmented pores above 18 pixels in size, i.e. 6.5 µm, 144 and 72 nm for 255 the thin-sections, map A-C and map D respectively. 256
Pore connectivity 257
The WM-filled cross-section is shown in Figure 5 ; the minerals are mostly biotite, 258 albite, plagioclase and quartz ( Figure 5A ). Most of the WM is located in the cracks. Most of 259 the WM-filled cracks seem to be associated with biotite ( Figure 5B energy and is non-wetting, is forced into the pore space under increasing capillary pressure. 330 As mercury pressure increases, smaller pore throats are invaded. Mercury will only invade a 331 pore throat when a sufficient mercury pressure, inversely proportional to the throat diameter 332 is applied (Gao & Hu, 2013) . This is expressed through the Washburn equation, which 333 assumes a cylindrical pore shape (Washburn, 1921) . For a 1cm long cubic sample a typical 334 MICP test takes 3-4 hours to complete, with measurable pore-throat size ranging from 3 nm 335 to 36 µm for low-porosity (<5%) samples. Figure 7 shows the results obtained from MICP on 336 the Grimsel granodiorite. The porosity provided by the mercury injection test at the highest capillary pressure is 340 0.59%, lower but close to the average porosity found by other teams using different 341 techniques (0.77%). This is probably linked to the smaller size of the MICP plug compared to 342 the permeability samples. A very strong peak is observed on the histogram, corresponding to 343 a pore throat radius in the range between 0.1 and 1 µm. 344 In Figure 8 For these five plugs the NMR porosity ranges from 1.75 to 2.2 % (average 2.03 %) which 358 agrees with the range found with direct measurements (see next section). The five samples 359 were also desaturated by centrifuge to achieve an equivalent capillary pressure of ~ 6.9 bars, 360 and NMR measurements were repeated (Figure 8b) . Such experiments allow one to evaluate 361 the relative amount of mobile water and irreducible water. Note that sample Y1 has a 362 different behavior than the others. 
(1) 394 395 In real materials, the pores are non-circular, intersecting and tortuous, so that the equation 396 above is oversimplified (Scherer et al., 2007) . The BIB-SEM results in Section 3 yielded an 397 average porosity φ=0.45% and average crack aperture 2w=283 nm or 1 µm. This provides a 398 permeability prediction of 3 10 -17 m 2 if the main pore width is 283 nm, and 3.7 10 -16 m 2 if the 399 main pore width is 1 µm. As shown earlier, the order of magnitude of measured permeability 400 for the Grimsel granodiorite is 10 -18 m 2 . This suggests that the main pore size for transport is 401 sub-micrometric, rather on the order of 283 nm, taking into account that the permeability 402 measurements were done at 5 MPa effective pressure whereas the porosity measurements 403 were done on unstressed rock. Cracks are represented by pipes with elliptical cross-sections with minor axes derived from MICP data, constant 460 aspect ratio and constant length. Three aspect ratios were considered: 0.1 (circles), 0.01 (upward triangles) and 461 0.001 (downward triangles). Colors red, blue and green define the directions in which permeability is calculated. 462
Error bars correspond to the standard deviation of permeability values for 10 network realizations with the same 463 statistical properties. 464
The experimental permeability range found in the benchmarking exercise is highlighted in 465 Figure 10 . This range is consistent with a fraction of occupied bonds between 38% and 53%, 466 thus a mean coordination number probably lower than 3, a reasonable value for a hard rock in 467 which crack connectivity is expected to be low. The crack network in Figure 5 suggests an 468 average coordination number close to 3, although it is hard to imagine what the real 3D 469 coordination number is from 2D images. Given the crack lengths observed in Figure 5 (tens 470 of micrometers) and the PNM results ( Figure 10 ), our simulations suggest that the crack 471 aspect ratio should range between 10 -1 and 10 -2 . As we tried to match the permeability 472 measured at 5 MPa effective pressure, the inferred microstructural properties (aspect ratio 473 and coordination number) correspond to that of the stressed rock. The data inversion strategy consists of the following steps: 529 1. Using equation (7), and the measured porosity φ exp and permeability k exp , we first 530 define the effective crack radius function R sol (ξ) satisfying k eff (φ exp ,ξ,R sol (ξ)) = k exp , For the first two scenarios (run #1 and #2) in Table 1 we observe that no value of the 549 effective crack radius R can satisfy φ = 0.8% and k = 1 µD, or φ = 0.8% and k = 5 µD. The In addition to progressively attenuating the output waveform, the filter progressively shifts its 671 phase over the frequency range between the two linear segments, from 0° to 90° (Figure 13b ). 672 The gain G and phase shift θ can be expressed respectively as: is beyond the scope of the present paper. Smaller ratios of rock storativity to downstream 684 storage translate to smaller phase shifts for a given gain, so that the behavior more closely 685 resembles that of a first-order filter. 686 This approach was evaluated on a Grimsel granodiorite sample cut at a high angle to the 687 foliation (called hereafter core C), to investigate how similar its behavior is to that of an RC 688 filter. Pore fluid pressure oscillation tests were conducted with a pressure cycling period 689 ranging from 50 to 12800 seconds (i.e. 7.8 10 -5 s -1 < f < 2 10 -2 s -1 ). Figure 14a Figure 16 , together with those from (Schild et al., 2001) . For the KG²B core, an 748 orientation nomenclature was adopted whereby Ax represents the direction parallel to the core 749 axis, D1 is the direction perpendicular to Ax and parallel to the foliation; and D2 is 750 perpendicular to both Ax and D1. Note that D2 is nearly perpendicular to the foliation (~70°). In situ rock masses include pore, crack, fracture networks which are usually saturated 784 or partially saturated with fluids, often with 2 or more fluid phases such as gas, water, or oil. 785 The degree of saturation, ranging between 0 and 1, is the ratio of volume of pore fluid in the 786 pore space to the pore volume. Controlling saturation during laboratory tests is important for 787 two main reasons: i) to reproduce field conditions; ii) for intrinsic permeability estimates. For 788 the latter purpose, full saturation of specimens with fluid used for measurement is essential 789 (Zinszner & Pellerin, 2007) . For measurements using gas, particular attention has to be paid 790 to sample preparation and drying. For permeability measurement using liquids, key issues 791 include expelling trapped gas and checking for full saturation with liquid phase. For 792 measurement with water, flushing of de-aired water into the specimen, followed by a step by 793 step back pressure increase, have been recommended in order to avoid additional gas entry 794 and to force trapped gas into solution (Black and Lee, 1973). This method was successfully 795 applied to a tight porous rock, the Opalinus clay (Wild et al., 2015) and also in the present 796 study by Lab#04 on a Grimsel granodiorite sample. Between each back pressure step, the 797 poroelastic response to hydrostatic confinement was checked in order to assess the degree of Once the "saturation" pore pressure was reached, the confining pressure was increased at 808 constant pore pressure (P p =2 MPa) to the KG²B pressure target (P eff = 5 MPa) and beyond. 809 The increase of effective confining pressure resulted in a sharp drop of the Skempton's 810 coefficient (Figure 17b ) to 0.47 at the target pressure, and even lower at higher pressures. 811 This behavior is probably linked to the progressive closure of cracks in the rock sample. 812 Another poroelastic parameter was determined by one of the participants (Lab#19), the Biot-813 Gassmann effective pressure coefficient α. This coefficient was obtained from several 814 permeability measurements under different pressure conditions (both P p and P c ). The 815 effective pressure law P eff =P c -αP p was established for permeability, and it was shown that 816 the effective pressure coefficient α was equal to 1 (see companion paper). 817 818
Discussion

819
To complement the experimental permeability data set presented in the companion 820 paper, we present additional data from microstructural analyses using BIB-SEM and micro-821 CT, as well as permeability predictions from various models. High quality imaging with BIB-822 SEM technology allowed us to identify pores and cracks at the micrometer scale and their 823 relation with the rock mineralogy. Most of the cracks are located within biotite or at grain 824 boundaries. The Wood's metal injection technique, combined with SEM, provided detailed 825 and realistic images of the actual crack network, its connectivity (from which an average 826 coordination number can be estimated) and tortuosity. A statistical analysis provided relevant 827 data on pore size, crack length and aperture, and porosity obtained from more than 60,000 828 elements; the amount and quality of these data provided valuable information for 829 permeability modeling. Micro-CT imaging provided 3D volume rendering of the matrix 830 density as well as a 3D map of pore locations. Two important conclusions could be drawn: (i) 831 at the sample scale, the material appears to be very heterogeneous, with the size of 832 heterogeneities exceeding the sample size and (ii) the pores resolved by micro-CT are 833 isolated, confirming that fluid flow is controlled by a network of submicron cracks. It seems 834 clear that the size of the samples studied (core sample with 4 mm diameter and 10 mm 835 length) is well below the REV, which may explain the larger scatter in measured permeability 836 values for small samples shown in the companion paper. 837 Table 2 summarizes the results of permeability modeling using microstructural data as 838 input parameters. For each model, a short description is provided, and the input parameters 839 are given. 3D cubic network of pipes with elliptical cross-section and constant length crack aperture distribution from MICP, crack aspect ratio, porosity, fraction of occupied bonds χ (χ=100%) k pred = 28 10 -18 m² (χ=53%) k pred = 2.5 10 -18 m² (χ=38%) k pred = 0.25 10 -18 m² Effective medium model (Sarout et al., 2017) 3D random distribution of penny-shaped cracks crack density, porosity, crack aperture, crack aspect ratio k pred = 5 10 -18 m² Table 2 . Summary of permeability predictions obtained with 6 different models using input parameters based on 841 microstructural data. 842
• Both statistical models yield a permeability value of about 30 10 -18 m², significantly 843 larger than the mean outcome for the measured permeability data set (~1 10 -18 m²). 844 These models are based on an oversimplified representation of the pore space where 845 heterogeneity is absent, so that analytical solutions for permeability can be calculated. 846 The predicted values are likely higher because the microstructural data were obtained 847 on stress-free samples, whereas permeability measurements were obtained at 5 MPa 848 effective confining pressure. However, if one takes into account the pressure 849 dependence of permeability shown in the companion paper, extrapolated permeability 850 at zero effective pressure would give a value in the range 2-10 10 -18 m², still lower 851 than the permeability predicted by both statistical models. This discrepancy suggests 852 that the heterogeneous nature of the rock pore space is poorly accounted for in 853 statistical models. 854 • In contrast, the percolation model proposed by Katz & Thompson (1986) 
